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B.Sc., Texviko lNaveniotrnpio Movayou (TUM), HAekTpoAoyoc Mnxavikog & INAnpogopikn.
BaBuog: 1.3/1.0 (avw 3%)

M.Sc., Texviko NavenmoTnuio Movayou (TUM), HAekTpoAoyoc Mnxavikog & [TAnpowpopikn,
eEeldikeuon oTov AuTtopaTto EAeyyxo. BaBuog: 1.0/1.0 (npwToCg)

Ph.D., ETH Zupixng - Mnxavikn MaOnon yia Auvapika Zuornpara, O<cua: “Learning and
Forecasting the Effective Dynamics of Complex Systems across Scales”
EniPAencwv: KaB. NeTpoc Koupoutodakog

Visiting Researcher, Harvard University (School of Engineering and Applied Sciences),
Texvnt) Nonuoouvn yia Emoernuovikily MovreAonoinon (Al for Scientific Modeling)

Head of Machine Learning, Ai2C Technologies (Spin-off Tou ETH Zurich),
Ecqpapuoopevn Mnyavikn MaBnon otn XpnuaTtooikovouikn (Applied ML for FinTech)

EpeuvnTika evolagpepovTa:
Mnxavikn MaBnon yia peucTounyavikn, NTOAUKAINAKWTA QUVAPIKA CUCTNUATA KAl UMOAOYIOTIKN
ermoTtnun (ML for Fluids, Dynamical Systems, and Scientific Computing)



® >UvOeTa NOAUKAIPAKIKG CUCTNHATA (VTETEPUIVIOTIKA,

OTOXAOTIKA, XAOTIKA)

® AUVAMIKEG Mou gival UNoAoYIOTIKA 0ANAVNPEGS VIO
nEooopoiwon Kai/r) OUOKOAEG yia npoRAswn

¢ O puOoIKEG NapapeTpol ennpsalouv TN
OUVAIKN)

® EEWTEPIKOI YN HOVTEAOMOINPEVO!
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“ger 0 %7 N B suvauin — avaykn npocappoyis
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® >TOXOG: OXE0IAON ANMOTEAECUATIKWV
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OUVAMIKN TOU CUCTNHATOG
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EnioTnuovikeg nepioxeg kal ueBoodoAoyieg:

Machine Learning

® Mnyavikn MaBnon yia Auvapika 2uoTnuaTa
— AvanTuén alyopiBuwyv yia npoAswn, karavonon Kai
EAEYXO NOAUNAOKWY (PUTIKWY (PAIVOUEVV.

® PesuoTtounyavikn & MoAukAipakwTa Qaivopeva Learning Effective
— MeAeTn Kal povTeAonoinon PowvV e OIAPOPETIKES O Dynamics

XWPIKEC KAl XPOVIKEG KAILIAKEG. Fluid Mechanics

® YnoAoyioTikn Enotnun kai Movtehonoinon
— 20Ceu&n 0edOUEVWY, (PUOCIKNG KAl ApIBuUNTIKWV
ueBOOWV YIa AnodOTIKN MPOCOU0IWON.

H epeguva pou goTialel ot ouleugn Mnxavikng Madnong ka1 Quoikng (eSiowoeig), via
TNV AvVANTUEN NPOYVWOTIKWY, ENEENYNOIPWY KAl AMOOOTIKWY HOVTEAWY POWV KAl
MOAUKAINAKWTWY CUCTNUATWV.

Computational

Science
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Auvapikn pikpo kAipakag (“particles”, Navier-Stokes, DNS, CFD) and pakpo kAipakag
("continuum” RANS, LES)

¢ OI NPOOOMOIWOEIC MIKPOKAIMakacg gival akpifei g, aA\d unoAoyIoTIKA

OanavnEeg n hun Olabeaoiuec.

¢ OI NPOCOMOINOEIC MAKPOKAIMaKAcg gival NPOCEYYIOTIKECG, AAA UNMOAOYIOTIKA

(pOnvec kal eUKOAeC oTNV agloAoynon.

Avaykn: Eva nAaioio nou ouvduadler Tnv akpiBeia Tn¢ HIKPOKAIIAKAG ME TNV

anodoTikoTnNTa TnG HakpokAIpakag — eva “data-physics bridge”
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e To LED cuvdualel 6edopEvVa kKal PUOIKN YVWON Yid va yabel TIC anoTEAEOMATIKEG
(effective) Suvapikeg evOc noAUNAokou CUCTAPATOG.
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POEC YUPpw ano KUAIvdpo yia Re = 100-1000.
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Omax uncertainty threshold

RNN ensemble of RNNs
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Teacher Forcing vs Autoregressive BPTT

Legend

Green (X,_; 4 X,) -> data

Black (x,_; _»,...,x,) -> Network outputs

Red (Vy, ) -> Gradients & propagation
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s BPTT
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At—L+1 Xt—2 At—1 At

BPTT pe Teacher Forcing (e

daokalo)

 [lpokaTaAnwn npog short-term npoPBAswelg
e AocupPBaToTnTa pe To autonalivopopo (autoregressive)
OsvVApIo NoU cupaivel oTn dOKIUN oTNV NEAEN

Legend

Green (X,_; 4 X,) -> data

Black (x,_; _»,...,x,) -> Network outputs
Red (Vy, ) -> Gradients & propagation
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Teacher Forcing vs Autoregressive BPTT
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Autoregressive BPTT
(autonaAivopoun)

 [lpokaTaAnwn npog long-term npoPAeweig
* [lpokalei ekpn&n Twv Nnapayoywv (exploding gradients)
OTA APYIKA OTAOIA TNG EKNAIOEUONG

Legend

Green (X,_;.{,...,X,]) -> data

Black [x,_; »,...
Red (Vy, ) -> Gradients & propagation 12

, X,) -> Network outputs




PR Vlachas, P Koumoutsakos, Learning on

|_| p OY p O H H O Tl O- |J év r] O U TO I_I O ?\ i V6 p O H r] B PTT Predictions: Fusing Training and Autoregressive

Inference for Long-Term Spatiotemporal Forecasts,

Physica D, 2024
: . 1 t+1
k.: Noyikn peTaPAnTn (boolean) nou p_ Z X, — p)
kaBopilel av Ba nponayayouv Ta o L\ k k12
Sedopéva ) n €€odoc (MpoPAewn) k=t—L+2

Q@
OTO XPOVIKO PBruat |b X—L+2 Xi—1 X; Xi4+1

kt ~ Bern (p) /——\

o |

M r41 f(x, h) ‘
iy
p: NAPAUETPONOINCN TNG
kaTavopung Bernoulli, mBavoTnTa .
ENavaANATIKAC NEOBAEwNC Scheduled Autoregressive BPTT Legend
e >uvoualel Tn oidaockalia ye daockaho (Teacher Green (X,_; ., ..., X,] -> data
Forcing) kal Tnv autonaAivopoun Black [x,_; _,,...,x])-> Network outputs

(Autoregressive) nponaywyion Red [V, Z) -> Gradients & propagation
* To KaAUTEPO KAl Ao TOUG OUO KOCOPOUG
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RMSE

PR Vlachas, P Koumoutsakos, Learning on
Predictions: Fusing Training and Autoregressive

P O rl.‘ Y L'J p CL) O rl C') K LIJ }\ | V6 p O Re — 1 O O Inference for Long-Term Spatiotemporal Forecasts,

Physica D, 2024
—~ Timestep 1 Timestep 10 Timestep 20 Timestep 120
(0]
— :
0.8 1 <
-
0.6
0.4 - —— S
. — -
0.2
0.0 4
BPTT BPTT-SS BPTT-SA

® [lpotewvopevn peBooog BPTT-SA, ookipaopevn ae noAkanAa benchmarks

® JLaPOPETIKEC apXITEKTOVIKEC OLKTUWY [CNN-LSTMs, ConvLSTMs, k.a.)
e JlaPoPETIKA duvaulka cuoThpata (pon yupw ano kKUAwdpo oe Re=100, K.a.)

e BeAtwwvel Tnv akplBela pakpoxpoviag npoBAewng oe cuoTnuaTa UWPNANG OLAOTAGCLUOTNTAG

14



FoeuvnTikn Gidocopia - Ano Tn Mabnon Auvapikwy oTn
>UCeu&n Aedopevwy kal Quaoikng

REFERENCE RC-1000

AvanTuén alyopiBuwyv Mnxavikng \
MaBnong yia un YypappMika Kai
XAOTIKA SUVAMIKA CUCTHHATO )
(LSTMs, Reservoir Computing, 2018- ‘
2020)
[TAaiocio Learning Effective Dynamics T A _® ; - J—

. ' 17 . 7, - ; @ /'B\‘.. m
(LED): pabnon “eftective” AavBavouowv S Ae c
Ouvapikwyv powyv ue coupling w w N 047 -
ScSopEvwV Kal PUCIKNG Y WV Y
(Nature Machine Intelligence, 2022) LED LK '-‘” :

' A

EnekTaon os online npocapgoyn s

Adaptive LED (AdaLED): real-time pabnon kai AdaLED

evnuepwon povTeAwy og CFD

{Warm~up Comparison i i Macra-only

npooopolwoelg kal digital twins
(CMAME, 2023)

AvanTugn oUYXPOVWY APXITEKTOVIKWY Kl
aAyopiBuwyv yia pakpoxpovia npoBAsyn:
Transformers, RefreshNet, Learning-on-Predictions
(Physica D, Nonlinear Dynamics, 2024)

I‘ M . I‘_ X, It Xyl
RESRE T i .—.‘?.:* LkEl Q A
HOINE g(h) g(h) g(h)
Iy — fx, h) TTl_ <o fx, ) —T.L—r foe, ) .Ti > fx, h) -T '
Tl hi_p12 : T By Tl h, J his
X—L+1 Telst Xi—1 \_)

2yediaon kal elcaywyn Tou nAaiciou Parametric
Hypernetworks for Learned Networks (PHLieNets) yia
MOVTEAONOINON NAPAMETPIKWY CUCTNMATWY (ETH
Zurich, 2025 preprint)

\\\ E(Pj):;aie(l%‘) HNN




® EnioTnuovikn Nopeia Kal €PEUVNTIKO MNPOMIA

® >UVvEIOPOPA OTO EPEUVNTIKO EPYO TNG 2XOANG

® > UVEIOMOPA OTO EKNAIOEUTIKO EOYO TNG 2XOANG

® [[poonTIKEC AvANTUENG TOU AVTIKEINEVOU OTO HEANOV
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YBpioika NMAaiocia ML-CFD via PeuoTounyxavikn kai

Naunnyikeg Eqpappuoyec

| T
4 05 06 07 08

Optimized

Figure 9: Comparison of original and the optimized wave elevation
pattern and pressure field along the hull (framework A)

Serani, et. al. Shape Optimization of a Naval
Destroyer by Multi-Fidelity Methods
MARINE 2023
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Naunnyikeg Eqpappuoyec

e AvanTtuén data-driven surrogate models yvia enitayuvon CFD
NEOCOUOIWTEWY Kal ekuabnon reduced-order duvapikwv.
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Figure 9: Comparison of original and the optimized wave elevation

pattern and pressure field along the hull (framework A)

Serani, et. al. Shape Optimization of a Naval
Destroyer by Multi-Fidelity Methods
MARINE 2023
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NEOCOUOIWTEWY Kal ekuabnon reduced-order duvapikwv.

e Coupling puoikwv eElowoewyv, Navier-Stokes, RANS, LES pye ML
frameworks onwcg LED, AdaLED «kai PHLieNets, yia ¢qpucika cuvenn kal
NOOCAPPOCTIKA HOVTEAT POWV.

Figure 9: Comparison of original and the optimized wave elevation
pattern and pressure field along the hull (framework A)

Serani, et. al. Shape Optimization of a Naval
Destroyer by Multi-Fidelity Methods
MARINE 2023
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EmTayuvon KupaTikwyv lNpooopoiwoswyv ue Mnyavikn Mabnon
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second-order Stokes theory to variable bathymetry, J. Fluid Mech.
Belibassakis K.A. (2007) — Coupled-mode model for water-wave
scattering by shearing currents, J. Fluid Mech.

Li, Z., et al. (2023) — Neural operator learning for ocean wave
propagation, Ocean Engineering.

Lu, L. et al. (2021) — Physics-informed neural networks for
nonlinear PDEs, J. Comput. Phys.
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AinAwpaTikeg Epyaoieg

e MaOnon Reduced-Order MovreAwv ano LES/DNS Aedopeva: Avantuén autoencoder-RNN

CUOTNUATWY YIA avanapAdoTaon Kal npoAswn TNG QUVAPIKNG O POEG YUPW ano KUAIVOPO 1) NponeAQ.
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[TpoTelvopevo veo pabnua:
Machine Learning for Fluid Mechanics and Naval Engineering

o

e MabBnua enihoyng 7/8ou eCaunvou
e Eicaywyn oTig Paocikeg apxeg Mnxavikng MaBnong pe epappuoyeg oe CED, kal poeg peuoTwv.
® OeUATIKEG EVOTNTEG:

- Introduction to supervised machine learning for data-driven tluid flows (learning from data, regression)

— Surrogate modeling, reduced-order models (DMD, Galerkin projections, Koopman operator)

- Symbolic approaches (SINDy)

— Physics-Informed Neural Networks (PINNs)

— Neural PDEs, Neural Operators

- [Tlapaywyikn TN (Generative Al) yia oxediaon kai BeATIOTONOINCN YEWUETPIWYV

- (optional) Active learning kar wneopiaka oidupa (Digital Twins)

e EpyaoTnpiako okelog: project oe CFD-ML coupling (Re=100-1000, ship wakes, flow control).

* AvAnTugn avoikToU KwOIKd Kal notebooks yia hands-on e€doknon,.

Data-Driven Fluid Mechanics: Combining First Principles and Machine Learning, by Mendez, laniro, Noack, and Brunton
Data-Driven Science and Engineering: Machine Learning, Dynamical Systems, and Control by Brunton and Kutz
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ExnaideuTikny OiAocopia kal Ynootnpign Tng Mabnong

e Theory & project-based learning: eknaideuon peow oculeu&nc Bewpiag kai tutorials /

epyaoiwv (CFD-ML, design optimization, flow control).

* AlenioTnoVIKN cuvepyaoia: ouvoeon 2xoAng Naunnywv pye Mnyavohoyoug, HMMY
Kal [MAnpopopikn.

® AVOIKTN €NICTAMN: EKNAIOEUTIKA notebooks, napadeiyuaTa, open-source codebases

(Python, PyTorch).

* YnoAoyioTikeg unoooues: xpnon GPU/HPC yia npoxwpnueva epyaoctnpia ML-CFD.
e Mentoring poITnNTwV: OINAWPATIKEG, MPAKTIKN EKNAIOEUCN, CUVEQYAOTIA e

E£PEUVNTIKA KEVTPA Kal Blounyavia.
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Eniokonnon

® [|pOONTIKEG AVANTUGNG TOU AVTIKEIMEVOU OTO PHEANOV
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[TpoonTikeg AvanTtuéng - To MeAhov Tng Mnxavikng MabBnong
otn PeuoTopnyavikn kar tn Naunnyikn

s o o oaios o s L e L o s = oz =

e Ano Ta surrogate models ota Neural PDE Solvers:
Evonoinon quoikng kar yabnong yia Auon e€icwoswv Navier-Stokes ye veupwvika dikTua.

e Active Learning & Flow Control:
Online yaBbnon yia NpoocapuooTIKO EAEYXO POWY KAl AUTOVOUA VAUTIKA CUCTAHATA.

e Wnopiaka Aioupa (Digital Twins):
EvowudTwon 8e8opévmwv AsiToupyiag Kal IPOCOMOIWTEWY Yia NpoPAsywn, didyvwon kal
BeATioTOMNOINON.

e (Generative Al & Design Optimization:
Mapaywyikn TEXVNTA vOnpoouUvn yia oXediaon kal dispslvnon YEWHETPIWV NAOIWV.

* AIENIOTNUOVIKEG CUVEPYEIEC:
2uvepyaoia EMI ye epyaotnpia PeuoTounyavikng, EAeyxou kai YnoAoyioTikng Eniotnung, kal cupgpeToxn
o€ eupwnaika npoypappaTa (Horizon).

Surrogate Neural PDE Active Learning & Digital Twins &
Modeling Solvers Control Generative Design
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Ac:t|ve Learmng Kal EAeyxoc Powv og [NpayuaTiko Xpovo

A AT i NG AT i N A S A N RS A S 2 A T S S 2 A S A A S A NS A A T N N SR AP A T S A A SN N R A S NN SRS A2 AP A NG AN R A A AT S i NN NP AT i

Ano Tnv nPpoBAeyn octov EAEYXO:
H Mnxavikiy Mabnon xpnoiyonoigital 0xi HOVO YId MPOCOH0Iwan aAAd Training process
KAl yia EVEPYNTIKN napeBaocn oTig posc.

active learning péow AdaLED

——p ==y ==y ———

o Active Leg rning: network parameters
' ' ' . . : Inference pracess
2UVEXNG EVNHEPWON TWV HOVTEAWYV L€ 40N VEEG HETPNOEIG: (simulaticn) data
adaptive exploration Tou flow field. o e E Ly e
e Flow Control pe EvioxyuTiknn MaBnon (RL): }\f}\ v f}j v
Ecqpappoyn RL agents yia EAeyxo anokoAAnong pong, drag
reduction, KAn. AdaLED cycle

e Coupling pe CFD:
Alacuvoeon ML povtehwv pe CFD solvers yia real-time anogadoslc.

e Eqappoyeg oTn vaunnyikn:

e Efunva cuoTAUATA NPOWO l _ Reward
S Ny POwaONG S

'EAeyxog pong Heow EvioxuTikng Maonong (RL)

* [lpocappooTikoi MNOAAIoUYOl
e AuToOvoun vauoinAoia
e Eleyxoc oTpofiAiouwyv og nponeleg kAl YAOTPEG.

State

)

Take
action

>

parameter 6

Observe state
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[Tapaywyikn TN kail BeATioTonoinon 2xediaong otn Naunnyikn

Goc o PP R I A S G ANy S SR NS G2 AN A A S P SIS A S R IS TS G ANy NG A A S R I AR AN I g et
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I_Iapayooler] TN ka1 BeATioTonoinon ZX85|GGng GTI’] Naurlr]yn(r]

PO A S N A S A NS A A S e AN G R NS S AL A I S A A S N SIS A5 S N RIS G2 A S A5 A AP MM A S AN I g PG N NN

° Arlo TNV ov07\u0q oTn Sr]plcupylo

H lNapaywyikn TN (Generative Al), ye povreha onwg VAEs, GANSs,
Diffusion Models, enitpénsl Tnv napaywyn véwv oxediwv und
(PUCIKOUG Kal AEITOUPYIKOUG NEPIOPICUOUG.
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e PO A et e o RIS AN

° Ano TNV c:va?\ucm oTn Sr]ploupylo _
H lNapaywyikn TN (Generative Al), ye povreha onwg VAEs, GANSs, T :
Diffusion Models, enitpénsl Tnv napaywyn véwv oxediwv und
(PUCIKOUG KAl AEITOUPYIKOUG NEPIOPICUOUG.

* Neural design space exploration:
Avixveuon BEATIOTWY popgpwV YAoTPAG Kal nponeAag ue data-
driven optimization.

Design Lab
Where engineers & designers collaborate

Neural oncept Design Lab with NVIDIA Omniverse

| wral Concept subscrine v 5 Share
'*( { sukconbars

Neural Concept: lNapapeTponoinon oxediaong os
NEAYPATIKO XPOVO Kal apeon npoBAswn nedicwv
PONGC KAl AEPODUVANIK®WY peyebwv.

[NapapeTpol (uNKoG, NAGTOC, KAR.)
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e Differentiable modeling:
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ko ! mcomcot | (RS be @ pue
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; ] _:rb?? Subscn dbu G 2 share
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I_Iopayooler] TN kal BE—Z?\TIO‘TOI‘IOIF]OT] ZX85|OGng GTI’] Naurlr]yu(r]

° Ano TNV avc:?wcm oTn Sr]ploupyla
H lNapaywyikn TN (Generative Al), ye povreha onwg VAEs, GANSs,
Diffusion Models, enitpénsl Tnv napaywyn véwv oxediwv und
(PUCIKOUG KAl AEITOUPYIKOUG NEPIOPICUOUG.

* Neural design space exploration:
Avixveuon BEATIOTWY popgpwV YAoTPAG Kal nponeAag ue data-

driven optimization.

e Differentiable modeling:

Evonoinon yewpeTtpiag, CFD kal ML os end-to-end cuotnuaTa pe
backpropagation.

o AUTCI)}JOTr] O'XESiOO'q I‘I}\Oiwv: Neural ‘oncept Design Lab with NVIDIA Omniverse

Design Lab
Where engineers & designers collaborate

L hl bo G pum

[Tapaywyn kar agloAoynon evaAAakTiKwV AUoewyV e Paon
endooeig (drag, stability, emissions). Neural Concept: lNapapeTponoinon oxediaong os

® >Uvoeon ue vaunnyika epyaleia CAD/CFD NPAYHATIKO XPOVO Kal Apean npofAewn nedicwv
PONGC KAl AEPODUVANIK®WY peyebwv.

[NapapeTpol (uNKoG, NAGTOC, KAR.)

32



[Tapaywyikn TN yia 2xeoiaon laoTpwv [MAoiwv

ShipHullGAN architecture
Space-filling to maintain design diversity

L
S ®
Generated Designs L Sp——
Latent input IomEEy  — o
i) 2) . e— o
( TEmEmEN >
immmes ° —
TmEmEa S— = e .
LI - —
a ®
‘._ — ]
= Design Real Designs Space-filling Loss
o Ditpset immmes l .
5 = i ShipHUllGAN
p—b ipHu
§§< [ ’K/ Loss
&.2 arie EEWEGY »Discriminator ,O » GAN Loss
Moments
5 = ammmEs Probability of
real design
Shape Optimisation
2 with bounding
Emits [-1,1)
FEEmE.
Ammmmg Generator
—

Optimised Design

\d

SR
f{? Computer Methods in Applied Mechanics and

Engineering

%
ELSEVIER
Volume 411, 1June 2023, 116051

ShipHullGAN: A generic parametric
modeller for ship hull design using deep
convolutional generative model

Shahroz Khan @ ° 2 &, Kosa Goucher-Lambert °, Konstantinos Kostas , Panagiotis Kaklis @

AIQQOPETIKEG YAOTPEG NOU Napaxbnkav peocw
OclydaToANWIag ano To YEVETIKO NAdiclo.
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Wnopiaka Aioupa (Digital Twins) kai MpoyvwoTik 2uvTnonon
otn Naunnyikn

DIGITAL

e >UCsuEn npooopoIwonG Kal dedopévwv AsiToupyiac:
Evonoinon CFD povteAlwy, aicBntripwv kal ML yia online
napakoAouBnon,.

o [TpoPAewn kal O1AYVWON PAIVOUEVWY OE NMPAYHATIKO XPOVO:
Data-driven avaAuon yia vibration, cavitation, overheating, structural

wJ
—
P
o
x
O
A

stress.

e Graph-based monitoring:
AvanapaoTacon CUCTNUATWY NPOWOoNG, AVTAIWV KAl CWANVWOEWY PECW
vypapnuaTtwy (Graph Neural Networks).

e Aviyxveuon avwpaliov & npoyvwon aoToXiag: - . . ..
Out-of-distribution detection, health index tracking, fault localization. Exp!().rlng Dlgltal TWInS In
PY Y ! ! 1m} 1 ' . Marltlme
nooTNPIEN AUTOVOHWY Kal “egunvev” nAoiwv:

Decision support systems yia acgpdAeia, anodoon kail BieooigyoTnTa. vaps AMerican Bureau of Shipping (ABS) @ @
238,528 followers

October 11, 2023
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Opaua: Ano 1n MaOnon Powv ctn Nonpoouvn Twv

Evonoinon 0gdouevwy, unoAoyicuou, Kal
aAyopiBuwyv yabnong:

AvanTtuén nAaiciwyv nou cuvoualouv ML, CFD, Control, Design oe
EVIAIO KUKAO yvwonc.

Wnepiaka o1oupa & evepynTiKA CUCTNUATA:
[TpowBnon epeuvnTIKwV Kal Biopunxavikwy €pywv os real-time
modeling, monitoring kal optimization.

Exnaidoguon veag yeviag pnXavikwy:

Anuioupyia NPoyPAPPATOC HABNUATWY NOU YEPUPWVEI TN
vaunnylikn PE TNV TEXVNTN vonuoouvn.

AlenioTnuovikn Kal 0lIeBvng cuvepyaaoia:

2uvepyeleg ye ETH Zurich, Harvard, TUM, kai cuppeToxn os Horizon
Europe.

[Tpdoivn kar yngiakn petaBaon otn vauTiAia:

H Mnxavikny MaBnon wg yoxAog BiwooiyoTnTag, evepyelakng
anodoong KAl AuTOVOoiag.

NauTikwv ZuoTnHAaTWV

Integrating physics, data, and
intelligence: towards the next generation
of naval systems.
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